Identifying how biological parameters change with age can provide insights into the physiological determinants of disease and, ultimately, death. Most prior studies of age-related change in biomarkers are based on cross-sectional data, small or selective samples, or a limited number of biomarkers. We use data from a nationally representative longitudinal sample of 639 Taiwanese aged 54 and older in 2000 to assess changes over a six-year period in a wide range of biomarkers. Markers that increased most with age were glycoslyated hemoglobin, interleukin-6, and norepinephrine. Markers that decreased most with age were diastolic blood pressure and creatinine clearance. For example, glycoslyated hemoglobin increased by 8% to 13%, depending on sex and age at baseline, over this six-year period. Several standard clinical risk factors exhibited little evidence of age-related change. Further research is needed to determine whether the observed variation between individuals in biomarker changes represents differences in underlying physiological function that are predictive of future health and survival.
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Although chronological age is one of the strongest predictors of mortality and various types of morbidity, it undoubtedly serves as a proxy for physiological processes related to disease and survival. By determining how biological parameters change with age, we may obtain insights into the physiological determinants of disease and, ultimately, death. Previous research underscores the importance of understanding age-related changes in biomarkers: Many standard clinical risk factors are less predictive of old-age survival than of mortality in midlife, perhaps because the cutoff points designating high risk of disease differ at the older ages.
Much of the documentation of age-related change in biological parameters may give a misleading picture of individual change over time because it is based on cross-sectional data. Some studies use longitudinal biomarker data, but most are limited by sampling constraints (small samples, clinical population, or convenience samples) or by the collection of only a small set of markers (e.g., blood pressure, lipids).
This study uses data from a nationally representative longitudinal sample of older Taiwanese to assess changes over a six-year period in biomarkers pertaining to diverse physiological systems. We begin by reviewing prior evidence regarding the association between these biomarkers and age, highlight some of the problems associated with use of cross-sectional data, and summarize existing longitudinal studies that have examined change in at least one of the following biomarkers: systolic blood pressure (SBP), diastolic blood pressure (DBP), total and HDL cholesterol, triglycerides, glycosylated hemoglobin (HbA 1c ), body mass index (BMI), waist circumference, waist-hip ratio, creatinine clearance, albumin, leukocyte count (WBC), interleukin-6 (IL-6), and urinary measures of cortisol, epinephrine, norepinephrine, or dopamine. Then we investigate changes in these biomarkers within our Taiwan cohort over a six-year period and compare those results with previously documented age patterns.
Biomarkers Associated With Age Among Older Adults
Previous studies-most of which rely on cross-sectional data-suggest that numerous biomarkers are associated with age among older adults. We review here the age patterns among older adults as indicated by the preponderance of available evidence, whether cross-sectional or longitudinal. Some biomarkers appear to decline with age: creatinine clearance (Boss and Seegmiller 1981; Lindeman, Tobin, and Shock 1985; Rowe et al. 1976 ) and albumin (Danesh et al. 1998; Gillum 2000) . Others seem to increase with age: SBP (Burt et al. 1995; Landahl et al. 1986 ), triglycerides (Frishman et al. 1992; Schubert et al. 2006; Siervogel et al. 1998; Ueno et al. 2003) , HbA 1c (Chiu, Martinez, and Chu 2005; Kilpatrick, Dominiczak, and Small 1996; Nuttall 1999; Yates and Laing 2002) , waist circumference (Noppa et al. 1980; Shimokata et al. 1989; Zamboni et al. 2005) , IL-6 (Bruunsgaard 2002; Crimmins et al. 2008; Roubenoff et al. 1998; Sparkman and Johnson 2008) , and urinary norepinephrine (measured per g of creatinine) (Gerlo, Schoors, and Dupont 1991; Jenner et al. 1987) .
A few biomarkers reveal a nonmonotonic relationship with age, typically a reversal at the older ages of the pattern observed earlier in the life span. DBP increases with age but declines above age 60 (Burt et al. 1995; Landahl et al. 1986; Yashin et al. 2006) . Similarly, total cholesterol increases up to middle age but declines at older ages (Bakx et al. 2000; Schubert et al. 2006; Siervogel et al. 1998; Weijenberg, Feskens, and Kromhout 1996; Wilson et al. 1994; Yashin et al. 2006) . Most studies find no systematic age variation in HDL cholesterol (Schubert et al. 2006; Siervogel et al. 1998; Weijenberg et al. 1996) . Body weight tends to increase until around age 60 to 65, or later in women, and decline thereafter (Elia 2001; Lissner et al. 1994; Zamboni et al. 2005) . Although height appears to decrease at older ages (Hughes et al. 2004; Noppa et al. 1980) , BMI may follow an inverted U-shaped age pattern if the decline in weight at the oldest ages more than compensates for any decrease in height. Such an age pattern has been observed in other studies (Elia 2001; Shimokata et al. 1989; Wilson et al. 1994; Yashin et al. 2006 ).
Limitations of Cross-sectional Data for Inferring Age-related Change
Inferring individual-level change from cross-sectional data can be misleading because of selection biases and cohort effects. For example, if persons with a high level of a given biomarker are at greater mortality risk, then the average level of that biomarker may level off or even decline at the oldest ages because of selective mortality. Cross-sectional data also do not permit one to distinguish between age and cohort effects. For example, an inverse relationship between BMI and age may arise from an increasing prevalence of obesity among successively younger cohorts but may be incorrectly attributed to aging. By following the same cohort of individuals as they age, longitudinal data permit researchers to avoid these problems. Estimates of age-related change in biomarker levels can be derived from within-individual changes over time, implicitly controlling for stable characteristics that differ between individuals. Biases associated with selective mortality can be minimized by restricting the analysis to the population that survived to the end of observation. Admittedly, this restriction may exclude the most vulnerable population; there is no way to know how much biomarker levels might have changed over time if the decedents had instead survived. In addition, longitudinal analyses cannot distinguish between age and period effects. For example, increased use of medication over time could attenuate the level of change in certain biomarkers. Cross-sectional results may be biased by medication use as well; for example, if blood pressure increases with age, but individuals adopt medication in response, then effective treatment could mask the underlying agerelated increase.
Prior Longitudinal Studies of Changes in Biomarkers
Longitudinal studies that examine changes in biomarkers over time (as the individual ages) are much less common than cross-sectional studies. Appendix Table A -1 (available at http://roa.sagepub.com/supplemental) summarizes the longitudinal studies that examine changes in at least one of the biomarkers listed previously. Most of these studies include only a small set of biomarkers. Many are based on small (n < 500) samples, while others rely on clinical or convenience samples. Only four of the data sets used in these studies comprise a representative sample of at least 500 individuals: Framingham (James et al. 2003; Wilson et al. 1994; Yashin et al. 2006) , Göteberg (Landahl et al. 1986; Noppa et al. 1980) , LASA (Schalk et al. 2006) , and SENECA (Grunenberger et al. 1996) . None of these samples is nationally representative.
Method Data
The 2000 wave of the Social Environment and Biomarkers of Aging Study (SEBAS) comprised a nationally representative sample of Taiwanese aged 54 and older; older persons (71+) and urban residents were oversampled. In-home interviews were completed with 1,497 respondents; 1,023 of them also completed the physical examination. Exam participants did not differ significantly from nonparticipants in ways likely to introduce serious bias (Goldman et al. 2003) . Six years later, a follow-up was conducted with those who completed the 2000 exam and survived to 2006: 757 completed the in-home interview and 639 participated in the physical examination. See the appendix for more detailed information regarding response rates, sample attrition, and exam participation.
The physical examination followed a similar protocol in both waves. Several weeks after the household interview, participants collected a 12-hour overnight urine sample (7 p.m. to 7 a.m.), fasted overnight, and visited a nearby hospital the following morning for a physical examination that included collection of a blood specimen and measurements of blood pressure, height, weight, and waist and hip circumference. Compliance was high: In 2000, 96% fasted overnight and provided a urine specimen deemed suitable for analysis; the comparable figure was 88% in 2006.
Blood and urine specimens were analyzed at Union Clinical Laboratories (UCL) in Taipei. In addition to the routine standardization and calibration tests, triplicate sets of specimens were contributed by individuals outside the target sample (n = 9 in 2000; n = 10 in 2006): Two sets were sent to UCL and the third set was sent to Quest Diagnostics in the United States (San Juan Capistrano, CA). The results indicated high intralab reliability for duplicates sent to UCL (2000: > 0.86; 2006: > 0.83). With a few exceptions, interlab correlations between results from UCL and Quest Diagnostics exceeded 0.90 in both waves.
Biomarker Measures
DBP and SBP were calculated as the average of two seated readings (1 to 2 minutes apart) using a mercury sphygmomanometer at least 20 minutes after the respondent arrived at the hospital. Creatinine clearance was estimated using the Cockcroft-Gault Formula (Cockcroft and Gault 1976) . Measurements of cortisol, epinephrine, norepinephrine, and dopamine were obtained from the overnight urine specimen, which provided integrated values of basal operating levels during a period when most participants were resting; values were standardized for diuresis by dividing by the level of urinary creatinine. See the appendix for details regarding assay methods for blood and urine specimens.
Analytical Strategy
The analysis sample included 639 persons who participated in the 2000 and 2006 exams. All estimates and standard errors are calculated using the survey commands in Stata 10.1 (StataCorp 2007) in order to take into account the sampling design (i.e., stratification, clustering, sampling weights). We use probability weights that adjust for oversampling and for differential response rates by age, sex, and other covariates.
We evaluated changes in biomarker levels (2000) (2001) (2002) (2003) (2004) (2005) (2006) , implicitly controlling for individual characteristics that remained stable over time. To reduce the possibility that a few extreme values could unduly influence the results, we trimmed outliers before computing the change; when the analyses were repeated using the untrimmed versions, the results were generally similar (see the appendix for details).
For each sex, we regressed the change (2006 -2000 value for a given individual) in each biomarker on age at baseline (in completed years) and agesquared (to allow for a nonlinear pattern). We retained the quadratic term for age in the model for creatinine clearance among males, the only model in which the coefficient was significant at p < 0.01. Given the large number of statistical tests conducted in this study, we use this conservative p-value throughout our analyses. We also controlled for relevant medication use in models of blood pressure (antihypertensives), lipids (lipid-lowering medication), and HbA 1c (hypoglycemic agents)-see Table A -2 for details. Using the coefficients from these models, we calculated the predicted change over a six-year period for each biomarker when age at baseline equals 55, 65, and 75; that is, these estimates represent the expected changes as the respondent ages from 55 to 61, 65 to 71, and 75 to 81. We selected these particular ages to demonstrate how the change in biomarkers varies across an age range that includes most (85%) of our sample. Table 1 shows the descriptive statistics for the biomarkers at both waves. The sample mean decreased significantly between 2000 and 2006 for some biomarkers (DBP, total cholesterol, HDL, triglycerides, height, hip circumference, creatinine clearance, albumin) but increased for others (HbA 1c , waist-hip ratio, IL-6, epinephrine, norepinephrine).
Results
Using the coefficients from the regression models (Table A -2), we calculated the predicted change (over a six-year period) in a given biomarker for each sex when age at baseline is set at 55, 65, and 75. The predicted changes that differ significantly from zero are presented in Tables 2 and 3 in two ways: an absolute change and a percentage change. We divide the absolute change by the mean for that marker in 2000 to convert it into a percentage change in order to compare the relative magnitude across biomarkers (which vary in Note: SBP = systolic blood pressure; DBP = diastolic blood pressure; HbA 1c = glycosylated hemoglobin; BMI = body mass index. a. In some cases, the laboratory reported that the value was below assay sensitivity (BAS) for one or both duplicate assays: IL-6 (N = 80 in 2000 IL-6 (N = 80 in , N = 9 in 2006 IL-6 (N = 80 in ), cortisol (N = 131 in 2006 IL-6 (N = 80 in ), epinephrine (N = 334 in 2000 IL-6 (N = 80 in , N = 350 in 2006 , and dopamine (N = 1 in 2006). In these cases, we coded the BAS values to the detection limit before calculating the mean across duplicate assays. Note: SBP = systolic blood pressure; DBP = diastolic blood pressure; HbA 1c = glycosylated hemoglobin; BMI = body mass index. a. We modeled the change in each marker, separately by sex, using a weighted regression model that controls for age. We also controlled for medication use where appropriate: antihypertensives for blood pressure, lipid-lowering medication for lipids, and hypoglycemic agents for Hb A1c . Standard errors were corrected for sampling design. Using the coefficients shown in Table A -2, we calculated predicted changes by setting age at baseline to the specified value and, if the model controls for medication use, setting those variables to zero. b. Calculated as a percentage of the average value for the specified biomarker in 2000. †Change in biomarker varied significantly (p < 0.01) by age at baseline. ns = Predicted change did not differ significantly from zero (at the p < 0.01 level based on an F test). scale). For example, men aged 55 at baseline are estimated to exhibit a 6.5 mmHg (or 8%) decline in DBP by the end of the six-year interval (when they reach age 61). The coefficients from the regression models are provided in Appendix Table A-2. Among the cardiovascular and metabolic markers, HbA 1c and DBP exhibited the biggest changes (in relative terms) over the six-year period ( Table 2) . HbA 1c rose 8% to 13% on average. Over the same period, DBP declined by 6 to 9 mmHg (8% to 11%) as the cohort aged six years. (These results refer to respondents who were not using antihypertensive medication. Among those using antihypertensive medication, the predicted decrease in DBP was greater; see Table A -2.) Among women, there was little change in total cholesterol a. We modeled the change in each marker, separately by sex, using a weighted regression model that controls for age. The model for creatinine clearance among men also includes a quadratic term for age. Standard errors were corrected for sampling design. Using the coefficients shown in Table A -2, we calculated predicted changes by setting age at baseline to the specified value. b. Calculated as a percentage of the average value for the specified biomarker in 2000. †Change in biomarker varied significantly (p < 0.01) by age at baseline. For the model of creatinine clearance among men, we performed a joint test for age and age 2 . ns = Predicted change did not differ significantly from zero (at the p < 0.01 level based on an F test). below age 75, but levels fell at the oldest ages. Despite no significant change in waist circumference, there was a small but significant increase in waist-hip ratio that stemmed from a decline in hip circumference, especially among older women. Compared with men and with younger women, the oldest women lost more weight over the six-year period; it may be that excess fat and weight loss were more concentrated on the hips, especially for women.
Among other biomarkers (Table 3) , the biggest relative changes were observed in IL-6 and norepinephrine: As the cohort aged six years, IL-6 rose among older men and women, while norepinephrine increased among all groups. There were also large decreases in creatinine clearance at older ages.
Comparisons With Previously Documented Age Patterns
In many cases (e.g., HDL, HbA 1c , creatinine clearance, IL-6, norepinephrine), our results are consistent with the previously documented age pattern (see Appendix Table A -3) . For two other biomarkers, our results are partly consistent with the previously documented age patterns. Prior studies indicated that DBP and total cholesterol follow an inverted U-shaped pattern with age. We find a monotonic decline in DBP, possibly because we capture only the declining portion of the age pattern in our older sample. For total cholesterol, we see evidence of a decline among the oldest women.
Unlike previous studies that suggested age-related increases in SBP, waist circumference, and waist-hip ratio, we find little change in these markers. Increased use of antihypertensive medication (from 21% of our sample in 2000 to 36% in 2006) may have attenuated the underlying change in SBP.
BMI has been shown by others to decline at the oldest ages (Elia 2001; Shimokata et al. 1989; Wilson et al. 1994; Yashin et al. 2006 ), but we see little change in our sample. When we look at our data cross-sectionally (not shown), the results are more consistent with the previously documented decline in BMI at older ages, but the apparent cross-sectional decline in BMI with age could be due, at least in part, to selective mortality or a cohort effect (i.e., increasing prevalence of obesity among younger cohorts).
Discussion
Biomarkers that demonstrate a strong relationship with age could serve as early warning signs that can help predict subsequent illness and mortality, before any clinical manifestation of disease is evident. Several biomarkers exhibited substantial age-related change in our sample of older Taiwanese: DBP, HbA 1c , IL-6, and norepinephrine. The dramatic increase in HbA 1c may foreshadow a growing problem with diabetes. The age-related increase we observed in norepinephrine appears to be larger than estimates from earlier cross-sectional studies (Gerlo et al. 1991; Jenner et al. 1987 ) and contrasts with the decline identified in a longitudinal study (Karlamangla, Singer, and Seeman 2006) . Further study is needed to determine the magnitude and direction of changes in norepinephrine at older ages and assess whether these changes represent an important indicator of impending health decline. In contrast, we observed little evidence of age-related change for several standard clinical risk factors (e.g., SBP, total/HDL cholesterol ratio, BMI, waist circumference, waist-hip ratio).
Longitudinal analysis of changes in biomarkers provides important information that may be obscured in cross-sectional comparisons of different ages in the same time period. For example, we found an increase in HbA 1c as the respondents aged six years, but the cross-sectional data from either 2000 or 2006 indicated little association or a slight decline at the oldest ages (data not shown). As suggested by Crimmins et al. (2008) , the lack of variation in HbA 1c by age could be a result of selective mortality of those with higher values. Indeed, we discovered that respondents with levels of HbA 1c greater than 7.0% in 2000 were much more likely to die by the end of 2006 (22%) than those with lower levels of HbA 1c (14%; data not shown). Consequently, the cross-sectional association with age is likely to underestimate the age-related increase in HbA 1c .
Variation between individuals in biomarker changes is likely to reflect meaningful differences in underlying physiological function that are predictive of future health and survival. For example, Yashin et al. (2006) demonstrated that individual-level trajectories of various biomarkers between ages 40 and 60 predict subsequent survival. Nonetheless, some of the variation may result from measurement error or short-term fluctuations in the biomarker level. An important test of the utility of information on changes in biomarker levels is their ability to predict subsequent health outcomes. The 2011 wave of the parent survey (Taiwan Longitudinal Survey of Aging) will provide follow-up information about morbidity and mortality for these cohorts, which will allow us to investigate the relationship between the changes in biomarkers examined in the present study and health decline over the ensuing five-year period.
